Abstract-Quality-of-service (QoS) provisioning and location management (LM) in cellular networks are solved separately in previous work. For realistic network environments, we have proposed a framework of combining QoS provisioning and LM by using all available user mobility information. In this paper, we present performance evaluation to show that this framework can yield more efficient solutions for both. We propose a novel path-based LM scheme in this combined framework and evaluate the performance gain of the new scheme over the original path-based LM scheme by simulations. Further, we propose a new connection admission control (CAC) scheme derived from this combined framework for QoS provisioning and present results showing performance enhancements over CAC schemes proposed previously.
Based on this consideration, several schemes have recently been proposed for CAC in wireless cellular networks [2] - [9] .
Another important issue in cellular networks is how to track the locations of users. Since mobile users are free to move within the area covered by the network, the network needs to first determine a particular user's location whenever there is a need to establish communication with that user. The problem of location management (LM) is usually divided into two parts: paging and location updating. Paging is the network operation to find the exact location of a called mobile station (MS), whereas the location update process keeps track of each MSs general location so as to reduce the paging cost and delay. Both paging and update consume scarce resources like wireless network bandwidth and mobile equipment power. Several LM strategies have been proposed in the literature which attempt to minimize either the total location management cost, or individual costs of paging and update [10] - [16] .
Although much work has been done to address QoS provisioning and LM in cellular networks, these two important areas have traditionally been addressed separately in the literature using different sets of mobility information. In this paper, we propose to use a common framework to enable QoS provisioning and LM jointly and make them share information with each other so as to obtain more efficient and cost effective mechanisms for these two processes. The motivations behind our work are based on the following observations. 1) In previous work, it is generally assumed that the sole purpose of the location update mechanism is to aid the paging process, and that CAC decision should be based on a different set of information. However, the LM problem in cellular networks arises primarily because of user mobility. On the other hand, user mobility is also the primary reason why CAC in cellular networks is required to take extra steps to guarantee connection-level QoS. Thus, the information to solve one problem may be useful to solve another one.
2)
Recent work [12] , [13] , [15] has considered per-user mobility pattern to design more efficient LM schemes. The authors in [4] , [6] , and [7] also considered per-user mobility pattern for CAC in cellular networks. Since analytic and simulation results in these papers show that per-user mobility pattern can provide the basis for effective solutions that address these two sets of system requirements, it will be helpful to consider them jointly and make them share information with each other. 3) In solving the LM problem, some schemes [10] , [13] , [14] only use the out-of-session (i.e., between con- nection arrivals) movements and ignore the in-session (i.e., during the connections) mobility information.
On the other hand, only in-session movements but not out-of-session movements are used in designing CAC in [5] , [7] . In fact, both in-session and out-of-session movements are parts of a user's mobility pattern. Therefore, it is expected that using all available mobility information will improve the performance of both CAC and LM schemes. The authors in [17] proposed to use user mobility profile in resource reservation, which does not, however, address CAC issues. Following this approach, we propose a common framework using all available mobility information to enable QoS provisioning and LM that could provide more efficient and cost effective QoS provisioning and LM mechanisms for these two processes. Fig. 1 shows the structure of this framework. The contributions of this work are threefold. 1) Our approach to solve QoS provisioning and LM problems in cellular networks using a common framework is new. By sharing mobility information between these two processes, we can obtain more efficient and cost effective solutions to both.
Under more realistic assumptions, we propose a new path-based LM scheme in our framework, which uses all the available mobility information in both location update and paging processes. We present numerical results to show the performance gain of the new scheme over the original path-based LM scheme [13] .
3)
A novel CAC scheme derived from our framework is proposed. Based on the user mobility prediction schemes, we can predict not only where the MS will move, but also when the MS will move to a new cell. A better balance of guaranteeing and maximizing resource utilization can be achieved. We present simulation results to show the performance improvements of the new CAC scheme over those proposed previously in [2] , [6] , and [7] . The rest of the paper is organized as follows. Section II describes the common mobility prediction scheme. Our LM scheme using this framework is discussed in Section III. Section IV presents our novel CAC scheme. Finally, we conclude this paper in Section V.
II. COMMON MOBILITY PREDICTION SCHEME
If the position of a user can always be predicted in advance, then no explicit update is necessary and the optimal location area is the one that minimizes the paging cost, i.e., a single cell. On the other hand, if the network knows accurately where the MS will move when the MS requires a connection, a more efficient CAC scheme can be designed. Therefore, the key component in our framework of combining QoS provisioning and LM together is a common mobility prediction scheme which can be used in both paging mobiles and making admission decisions. Similar prediction schemes were applied previously to the problems of prefetching in large-scale database system [18] and to the problems of LM in cellular networks [13] . We extended this prediction scheme in [7] to the context of CAC. In this paper, we augment these schemes by employing a common mobility prediction scheme in both QoS provisioning and LM in wireless cellular networks.
The rationale behind the mobility prediction scheme is the observation that a user's mobility pattern is a reflection of the routines of his/her life and most mobile users have favorite routes. This repetitive nature of mobility patterns suggests the stationarity of the sequence of symbols generated by an th order Markov source. Then, by learning these patterns from the users' mobility history, we can predict the mobility when those patterns reappear. The mobility prediction approach is motivated by the optimal data compression methods. In data compression, a data set (e.g., a text file or an image) is decomposed into a sequence of symbols, and encoded using as few bits as possible. Thus, short codewords should be assigned to more probable events whereas long codewords assigned to less probable events. Hence, a good data compressor should also be a good predictor.
More realistic models used in our framework, the optimal data compression algorithm and mobility prediction scheme will be presented in the following.
A. More Realistic Models

1) Network Topology:
The structured graph models used in previous work [8] , [11] , [16] , such as hexagonal or square cell configurations, cannot accurately represent a real cellular network, where the cell shape and size may vary depending on the antenna radiation pattern and propagation environment. We use a generalized graph model to represent the actual cellular network. The network is modeled as a connected graph , where the vertex-set represents the set of base stations, each serving a single cell, and the edge-set represents the adjacency between pairs of cells. Moreover, we do not assume the use of zones or location areas (LAs) in the cellular system. An example of this network representation is shown in Fig. 2 with vertex-set and edge-set .
2) Channel Holding Time and Cell Residence Time:
The channel holding time is defined as the time during which a connection occupies a channel in a given cell, and the cell residence time at a cell represents the amount of time that the mobile user stays in that cell. Most previous work [2] , [3] , [8] assumed these two follow a geometric (or exponential) distribution, which are independent and identically distributed for all cells. However, in real networks, the channel holding time and cell residence time may not always follow on exponential distribution [19] , [20] . We assume that the channel holding time and cell residence time follow general distributions. 
3) User Mobility Model:
The symmetric random walk model has been widely used by researchers in characterizing individual movement behavior [2] , [3] , [11] , [21] . In such a model, a mobile user will move to any one of the neighboring cells with equal probability after leaving a cell. In a cellular network, the mobility of a user can be represented by a sequence of symbols, , where denotes the identity of the cell visited by the MS. Since a typical mobile user usually travels with a destination in mind, the MSs locations in the future are likely to be correlated with its movement history. Therefore, in our model, the sequence of symbols is assumed to be generated by an th order Markov source, where the states correspond to the contexts of the previous symbols. The probability that the MS moves to a particular cell can depend on the location of the current cell or a list of cells recently visited.
B. Optimal Data Compression Algorithm
In our framework, the mobility prediction algorithm is based on the character-based Ziv-Lempel algorithm [22] for data compression, which is both theoretically optimal and good in practice. The encoder breaks the input string into block-to-variable codes. The algorithm parses blocks of size in a greedy manner into distinct substrings with the following property: For each , substring without its last character is equal to some previous substring , where . The algorithm builds an online probabilistic model (or a trie) that feeds the probability information to an arithmetic encoder, which encodes a sequence of probability of using b. We show by an example how this algorithm works. Example 1: Assume for simplicity that the alphabet is
. We consider an input string "
," which the Lempel-Ziv encoder parses as " " A trie is built when the previous substring ends. In fact, a trie is a multiway tree with a path from the root to a unique node for each string represented in the tree. The trie at the end of the seventh substring is shown in Fig. 3 . There are four previous substrings beginning with an " ," two beginning with a " ," and one beginning with a " ." The character " " is, therefore, assigned a probability of 4/7 at the root, " " is assigned a probability of 2/7 at the root, and " " is assigned of probability of 1/7 at the root. Similarly, of the four substrings that begin with an " ," three begin with an " ," giving the probability of 3/4 for " " at the node , and so on. Any sequence that leads from the root of the trie to a leaf traverses a sequence of probabilities of, , which product equals 1/7. The arithmetic encoder encodes the sequence with b.
C. Mobility Prediction Scheme
The mobility prediction scheme is similar to the prediction by partial matching (PPM) [23] data compression algorithm. The basis of the PPM algorithm of order is a set of Markov predictors. A Markov predictor of order predicts the next event based on the immediately preceding events. In order for PPM to work well, the network needs to maintain all contexts of order . We use a trie in [24] that can combine all contexts together into a single data structure. The mobility database of every MS holds a mobility trie, which is a probability model corresponding to that of the Ziv-Lempel algorithm. A pseudocode description of the mobility prediction scheme is given in Fig. 4 . We show by an example the data structure and how the mobility prediction scheme works.
Example 2: Assume that an MS has visited a sequence of cells "
," which is the same as the input string in Example 1. The MS can send the "compressed" sequence of cells to the network. A trie at the end of the seventh subsequence is built at the network side, as shown in Fig. 4 . Assume that the predictor in the network knows the last three cells visited by the MS is " " and wants to predict the probabilities of cells which the MS will next visit. We can estimate the probability distributions with order 0, 1, and 2. First, we can see that only one child " " follows path " " in an order-2 prediction. We assign , , and . Second, in an order-1 prediction based on the context " ", we assign , , and since there is one child " " in the subtries rooted at node " ." Finally, in an order-0 estimate, we start from the root of the whole trie and get , , and . Given a blending weight vector , the blended probability assignment is
The weights can be fixed values or adapt as prediction proceeds to give more emphasis to high-order models. Different ways of choosing the weights correspond to different PPM methods [24] .
D. Implementation Consideration
The mobility prediction scheme maintains the statistics in a trie. An important issue is how this model can be implemented. There are many ways to implement the nodes of a trie. We show by examples some approaches to implement the trie in Fig. 5 . A simple approach is to create an array of pointers for each node in the trie with a pointer for each character of the input alphabet, which is shown in Fig. 6(a) . This method can waste considerable memory space, particularly if some characters of the alphabet are rarely used. An alternative is to use a linked-list at each node, with one item for each possible branch, which is shown in Fig. 6(b) . The space needed for a node in the linked list requires two pointers, one counter, and a character. A straightforward implementation of this would consume 11 B, i.e., implement a pointer using 4 B, implement a counter using 2 B, and implement a character using 1 B. The linked list approach uses memory economically, but can be more processing intensive. Some improvement may be achieved by moving an item to the front of the list each time it is used. A trie can also be implemented as a single hash table with an entry for each node. For further details, the reader can consult books on algorithms and data structures.
In practice, in order to reduce the memory and computation complexity, it is desirable to limit the size of the data structure for prediction. Several techniques are available to limit the data structure size [24] . One approach is to put an explicit upper bound on the size of the data structure. In this approach, the data structure is either flushed and rebuilt when its size reaches , or frozen when its size reaches and a new one is built while the old one is used for prediction. There are also more sophisticated techniques that use the least-recently-used (LRU) strategy [25] on the data structure to limit its size. In our simulations presented in Sections IV and V, we use a linked-list at each node with 11 B and set an upper bound of 440 B for the trie size. The LRU strategy is used to maintain its size within the bound.
III. LM IN THE COMBINED FRAMEWORK
In this section, we present the location management scheme in the proposed combined framework. We adopt the path-based scheme proposed in [13] . However, unlike the original pathbased scheme, in which 1) the sole purpose of location update is to aid paging and 2) the paging process depends only on the information provided by location update, we use all the available location information of an MS for a more accurate modeling of each individual user's mobility patterns. We present the original path-based scheme, our new path-based scheme, and numerical results of performance comparisons between the two schemes in Sections III-A-C.
A. Original Path-Based Scheme
The path-based LM scheme [13] works as an add-on module to the underlying update scheme (e.g., movement-based [11] ), which generates the movement history. However, a real update message is not sent to the network for each movement. Similar to data compression, the algorithm sends the "compressed" movements to the network. For simplicity, assume that an MS has visited a sequence of cells, "
," which is the same as in Examples 1 and 2. The capital letters represent the cells in which the MS has established a connection, i.e., the in-session location information, and the lower-case letters represent the cells in which the MS does not have a connection, i.e., out-of-session location information. The transmissions of update messages in the original path-based scheme are shown in Fig. 7(a) , where is the current time. Assume that an MS is being called by another user at time . The network can predict the location probability from previous update messages using the mobility prediction scheme in Section II. After obtaining the probabilities , , and , the network will determine the location of the MS by paging the cells according to a decreasing sequence of probability values.
B. New Path-Based Scheme
The original path-based scheme does not use the in-session location information. However, the network knows the exact location of an MS during the connection session, which is very useful in searching the MS, especially when the call-to-mobility ratio is high. Therefore, we propose to use this information in a new path-based LM scheme. In the proposed new path-based scheme shown in Fig. 7(b) , an MS will give the network all unreported location information during the connection session. Note that this in-session location information report needs little extra resource, because an MS must report its location and any location changes to the network during each connection in current cellular systems. Otherwise, the connection cannot be delivered correctly. After the in-session location information report, the MS will send a location update message only after it tranverses a new path which is unseen before. For example, in Fig. 7(b) , a new out-of-session sequence " " is sent to the network after the in-session location information report in " ." There are six location update messages before the time in Fig. 7(b) , which is less than seven location update messages in the original path-based scheme. Without loss of generality, since some location information of an MS is reported to the network during the connection session, the location sequences reported by the out-of-session location updates in the new scheme should be shorter than those in the original scheme. Therefore, fewer update messages are needed in the new scheme, especially when the call-to-mobility ratio is high. The higher the call-to-mobility ratio, the more location information is reported to the network during connection sessions, the less location update messages are needed in the new scheme.
On the network side, the same mobility trie is constructed to predict the user mobility. However, in the new scheme, since the network has both in-session and out-of-session mobility information of the MS, the network can use more up-to-date information to make the prediction. For example, "
" is used in Fig. 7(b) and " " is used in Fig. 7(a) . Obviously, prediction in the new scheme will be more accurate. If there is no in-session information between the last update and the current time, the prediction will be the same in the new scheme as in the original one.
C. Numerical Results
In our simulation environment, a generalized graph model is used. We consider a coverage area that consists of 40 base stations, each having six neighbors on average. Since most mobile users have favorite routes, we assume that each mobile user has five possible paths in the network. The user will take these five paths with probabilities of 0.6, 0.2, 0.1, 0.05, 0.05, respectively. The paths are generated as follows. 1) Select two nodes in the graph randomly as original and destination nodes. 2) Whenever the mobile user leaves the current cell, it moves to a neighboring cell which is closest to the destination. We assume that the cell residence time follows an i.i.d. Gamma distribution with an average time of min. New connections arrive according to a Poisson process with rate per minute and connection durations are exponentially distributed with mean value of , which is 3 min. We define as the call-to-mobility ratio. The underlying location update scheme is movement-based [11] , which generates the movement path history. The reason why we select the movement-based scheme is that this scheme may be the most practical among dynamic location management schemes [11] . In this scheme, each mobile terminal counts the number of boundary crossings between cells incurred by its movements. A location update is performed when this number exceeds a predefined movement threshold. For simplicity, we use 1 as the threshold in the simulations. Note that in practice, the underlying location update approach of the path-based location management schemes is not necessarily movement-based and the threshold in the movement-based approach is not necessarily 1. Since the major difference between the new and old path-based schemes is the use of in-session mobility information, the selection of underlying location update approach does not have significant impact on the comparison results presented in the following.
Given the specific parameters, we can obtain the number of update messages when using the original path-based scheme, denoted as "Update (original)." The term "Update (new)" denotes the number of update messages when using the new pathbased scheme. The performance gain is the ratio Update (original)/Update (new). A similar procedure is used in evaluating the paging process. "Paging (original/new)" denotes the number of cells paged in the original/new scheme and Paging (original)/Paging (new) is the performance gain. Fig. 8(a) and (b) show the performance gain versus the call-to-mobility ratio with different cell residence time. We can see that the performance gain is always greater than one. That is, Update (original) Update (new) and Paging (original) Paging (new). This implies that the proposed new scheme incurs a lower cost for location management and, therefore, has a better performance than the original one. When the call-to-mobility ratio is small, the performance gain is not significant in these two figures. However, when the call-to-mobility ratio is large, the new scheme needs much fewer update messages and paging cells than the original one. This is because the new scheme uses both in-session and out-of-session information in the location management process. The higher the call-to-mobility ratio, the more in-session mobility information is used in the new scheme. We also observe that the cell residence time has some effects on the performance gain in these figures. When the cell residence time is small, the MS travels frequently and generates more mobility information. The new scheme can give a more accurate model and better prediction of user mobility and, therefore, has a higher performance gain than the original one.
IV. CONNECTION ADMISSION CONTROL IN THE COMBINED FRAMEWORK
Due to the in-session user mobility, the CAC scheme needs to perform mobility-related QoS provisioning in cellular networks. If the in-session user mobility can be predicted, efficient CAC schemes can be designed. In this section, we propose a novel CAC scheme within our combined mobility framework.
The key idea in our CAC scheme is to use probabilistic predictions of where and when the MS will visit subsequent cells whenever the MS requires a connection. Then, we can check the availability of resource in these cells when the resource is needed. If the resource is available, it is reserved for this MS to guarantee the target , the probability of handoff connection being dropped. In our framework, we can easily predict to which cell the MS will move using our common mobility prediction scheme described in Section II. However, we need to determine the time interval of the visit to make efficient resource reservation. Fortunately, we can use the mobile station positioning technology developed and standardized recently [26] to obtain this time interval. We present these ideas in Sections IV-A-C.
A. Time Interval Prediction
For the purpose of satisfying the US FCC E-911 location requirement and for driving location information-based applications in Europe, recent advances of mobile station positioning technology can locate an MS within a certain accuracy level (i.e., 50 m in 67% of cases and 150 m in 95% of cases for handset based location solution, mandated by US FCC) [26] . We can use this location information to: 1) improve the system performance and 2) increase wireless system functionality for location-based commercial services. In this paper, we are interested in how to design better CAC schemes using this technology. A variety of basic technologies are available for accurate position location. One of them is the enhanced observed time difference (E-OTD) technology, which has been standardized for location-based services in GSM systems [27] .
In the E-OTD method, the unknown MS position is estimated by processing the time difference of arrival (TDOA) measurements between the MS and at least three base transceiver stations (BTSs) of known coordinates, . The TDOA between (the serving BTS) and ( -the neighboring BTSs) defines a hyperbola whose foci coincide with the coordinates of the two BTSs. At least two hyperbolas (i.e., two TDOAs) are minimally sufficient to estimate the MS position. The TDOA is defined as the geometric time difference (GTD).
, where is defined as and and are, respectively, the reception and transmission epochs of the burst from the th BTS. With these definitions, can be written as the difference between the observed time difference (OTD) and the real time difference (RTD)
The MS itself assists the location estimation by measuring the OTDs. The RTDs are measured by network monitoring equipment deployed in fixed and known locations. The positioning problem in absence of measurements errors can be formulated with a set of equations describing hyperbolas having their foci at the BTSs' coordinates and intersecting at (1) where is the speed of light. In real applications, (1) is rendered inconsistent by noise measurement. A linear regress setup can be used to smooth the data for more accurate velocity and position estimation of an MS [28] . In this scheme, previous estimations are used to obtain the MSs current estimated velocity and position. Let, , represent the estimated locations at subsequent time points . The velocity of an MS can be obtained [28] (2) where and with and The estimated position of the MS at time is (3) where is the estimated original position at time . and . After obtaining the estimated velocity and the position of an MS from (2) and (3), we can predict the time interval during which an MS will visit a cell. Let denote the time when the MS in cell will arrive at cell , and denote the time when the MS in cell will depart from cell . The values of and can be calculated as and (4) where is the distance between the current position and the boundary of cell and , and is the route distance inside cell . We assume that this distance information is available from an internal map of the relevant area, since such information is essential to provide some location services in the future.
B. Connection Admission Control Scheme
The basic idea of the CAC scheme in our framework is to verify the feasibility of accepting new and handoff connections under the conditions of guaranteeing the QoS of existing connections and maximizing the utilization. This is achieved by the predictions of where an MS will visit using the scheme in Section II and when an MS will visit using the scheme in the previous subsection. We calculate , the probability that an MS original in cell will visit cell during the time interval and . Assume that the connection durations follow an exponential distribution with a mean value of The connection is not terminated by time (5) where can be calculated using the common mobility prediction scheme in Section II. When an MS is active in cell , we can obtain the most likely cell-time (MLCT) of that MS, a cluster of cells and time where and when the MS will most likely visit in the future. We select cell and time , with greater than zero to form the MLCT of this MS. Therefore, the MLCT of an MS active in cell can be defined as (6) Using , we can obtain the required bandwidth to be reserved in cell for the expected handoff of from cell (7) where is the effective bandwidth required by . For a TDMA/FDMA system, the bandwidth corresponds to a set of time slots and frequencies. For a CDMA system, the bandwidth corresponds to a set of codes that can meet the signal-to-interference (SIR) requirement of this connection. In this paper, we assume that the traffic characteristics and the desired packet-level QoS guarantees (e.g., delay, loss, and throughput) can together be represented by this effective bandwidth. Techniques for computing the effective bandwidth for different traffic characteristics and QoS requirements can be found in [29] . Moreover, the reserved bandwidth , which is the aggregate bandwidth to be reserved in cell during the time interval and , is calculated as (8) where is a set of MSs which will visit cell from a set of cells during the time interval.
may not be a constant value due to the continuous time and the summation of (7). Finally, the free bandwidth left after the reservation is (9) where is the total bandwidth in cell . Again, note that may not be a constant value. Let denote the minimum value of free bandwidth in cell during the time interval. When a new connection arriving at MS with a bandwidth requirement requires admission to cell , the CAC algorithm first checks if the current free bandwidth of cell can support the connection. The connection is rejected if the cell does not have enough free bandwidth. Otherwise, CAC will check the availability of free bandwidth in the MLCT of this MS. The checking result can be written as otherwise.
Based on these values, the new connection will be admitted if the following holds: (11) where is the admission threshold and should be controlled adaptively. We will describe how to control this threshold in the following paragraph. When a new connection is admitted, bandwidth is reserved in the MS's MLCT. In addition, the free bandwidth in the MLCT is updated accordingly.
The mobility prediction functions may not work well for some MS users, especially for those who do not have favorite routes. Moreover, if the admission threshold is too small, the handoff dropping probability may exceed the target value; if is too large, resource utilization will be decreased. Thus, the admission threshold should be controlled adaptively. We calculate , the handoff dropping probability of MS , by dividing the number of handoff drops to the total number of its handoff requests. Let denote the target value of handoff dropping probability of MS . If , the admission threshold is decreased by , a design parameter; otherwise is increased by . The calculation of and the update of the admission threshold are performed upon the connection is finished. We will experiment with different values of in Section IV-C. By adaptive control of , we can achieve a better balance of guaranteeing and maximizing the resource utilization. When an MS , with bandwidth requirement , requires handoff to cell , the CAC algorithm will admit it if the current free bandwidth of cell can support the connection. Then, CAC will calculate and obtain the MLCT of . Bandwidth is reserved for in its MLCT accordingly.
C. Numerical Results
In this subsection, we present and discuss the simulation results of the proposed CAC scheme in our framework and the performance comparisons with three other schemes. The simulation environment is the same as that in Section III-C. In addition, we have made the following assumptions in our model. Each cell has a fixed link capacity of 30 bandwidth units (BUs) and the average cell diameter is 1 km. A connection is either for voice (requiring 1 BU) or video (requiring 4 BUs) with probabilities and , respectively, where the voice ratio . The offered load per cell is calculated as follows:
BU . The target is 1% for all MSs. The adaptive factor is used in the simulations unless otherwise mentioned. Moreover, we assume that the position information of an MS is available but with error. The error of MS position estimation follows a normal distribution with m, which will have an accuracy level of 50 m in 67% of the cases [26] . From the MSs position information, we predict the time interval during which an MS will visit a cell. Simulations start without any prememorized information of the MSs. Handoff dropping probability, new connection blocking probability and the utilization are obtained after 100-h simulation time. Fig. 9(a) and (b) show the new connection blocking probability and handoff dropping probability as functions of offered load with two values of voice ratio and two values of cell residence time, respectively. We observe that the handoff dropping probabilities are kept below the target value of 1% in these two figures, irrespective of the offered load, voice ratio, and user mobility. Next, we evaluate the impact of different values of the adaptive factor . As mentioned in the last subsection, is used to adaptively control the admission threshold to achieve a better balance of guaranteeing and maximizing resource utilization. Fig. 10 (a) and (b) show as functions of simulation time in a cell with min and min, respectively. We experiment with three values of , 0.01, 0.02, and 0.04. In the beginning of the simulation, the system has little information of users and cannot predict the mobility accurately. Then, the admission threshold is increased in steps of to keep below the target value. From Fig. 10(a) and (b) , we observe that the scheme under-reacts when and cannot quickly keep below 1%, whereas it over-reacts when and make the fluctuate near the target value. It is apparent that the step size can reasonably quickly reduce below the target value with no fluctuation. We also observe that user mobility has some effects on the convergence of . The higher the user mobility, the slower the convergence of with the same value of . Choosing a suitable value of according to the real network conditions is very important to obtain the best performance from the proposed scheme. We use in other simulations. We also compare the proposed CAC with three other schemes: 1) guard channel (GC) [2] ; 2) OKS98 [6] ; and 3) YL01 [7] . In GC, 4 BUs are reserved for handoff connections. In OKS98, bandwidth is reserved in all neighboring cells when an MS has a new connection or handoffs to a new cell. We choose the best scheme in [6] called movement-based and bandwidth-based for comparisons. In that scheme, different bandwidth is reserved in different neighboring cells based on user movement prediction and an algorithm is used to control the size of reserved bandwidth pool. However, OKS98 [6] does not address how to predict the user mobility. We can input the mobility prediction in our framework to OKS98. Note that OKS98 does not use the prediction on when the MS will move. In YL01 [7] , the mobility prediction scheme and CAC scheme are similar to those considered here. However, only in-session but not out-of-session mobility information is collected and used for prediction. Fig. 11 shows that GC can keep below the target value of 0.01 when the offered load is light, but the reserved bandwidth is not enough when the offered load becomes heavier. Fig. 12 shows the new connection blocking probability and handoff dropping probability of the proposed scheme, OKS98 and YL01. We observe that OKS98 can also keep below the target value. However, it has a higher , which means that fewer new connections are admitted. This is because the proposed scheme predicts not only to which cell the MS will handoff but also when the handoff will occur. Based on these mobility predictions, we can reserve bandwidth more efficiently. Because both YL01 and the proposed scheme predict where and when of handoffs, the and of YL01 are quite similar to those of the proposed scheme, as shown in Fig. 12 . The utilization comparisons of these three schemes with different offered load are shown in Fig. 13 . As expected, the proposed scheme and YL01 have similar utilization which is higher than that in OKS98. Fig. 14 shows the as functions of simulation time in a cell in YL01 and the proposed scheme when offered load is 30 and min. From Fig. 14 , we can observe that can be kept below the target value in the proposed scheme much faster than that in YL01. This is because although both schemes record user mobility history to make prediction, the proposed scheme uses all mobility information, both in-session and out-of-session, which makes the predictions converge faster compared with that of YL01. The proposed scheme is more desirable in the real network where user mobility is changing over time and traffic is nonuniformly distributed, since it can adapt to the changes faster and therefore it can make more accurate predictions.
V. CONCLUSION
In this paper, under more realistic assumptions, we have presented a novel framework of combining QoS provisioning and LM using all available mobility information. The key component of this framework is a common mobility prediction scheme, which can be used in both paging MSs and making admission decision. In addition, a new path-based LM scheme in the combined framework was proposed. Numerical results showed that the new scheme offers performance gains over the original one in terms of reduced location update and paging costs. Finally, a CAC scheme based on our framework has been proposed. The proposed CAC scheme can predict where the MS will hand off using the common mobility prediction scheme and when the handoff will occur using positioning technology. Simulation results showed that the proposed scheme meets our design goal and outperformed existing schemes in [2] , [6] , and [7] .
The framework proposed in this paper has other potential applications in wireless cellular networks. By predicting where and when an MS will hand off, we can design more efficient channel allocation schemes and prefetching protocols for continuous media streaming in wireless cellular environment.
